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Abstract - Large Language Models (LLMs) have demonstrated strong potential as recommendation engines, leveraging
their broad world knowledge and natural language understanding to generate personalized item suggestions. However,
LLMs inherit and amplify popularity bias present in their pretraining corpora, consistently recommending well-known
items while neglecting the vast majority of the catalog. This paper presents a systematic study of popularity bias across
four inference and training regimes applied to Qwen2.5 models of two scales (1.5B and 3B parameters) on the
MovieLens-100K benchmark. We show that zero-shot and few-shot prompting produce heavily skewed recommendations,
and that naive Supervised Fine-Tuning (SFT) inherits the dataset's popularity distribution (71.4\% head items in raw
training pairs). We introduce a popularity-capped sampling strategy that rebalances SFT training data to 73.9\% tail
items, substantially improving fairness. Building on this, we apply Direct Preference Optimization (DPO) using preference
pairs constructed from user ratings, where long-tail liked items serve as chosen responses and popular disliked items
serve as rejected responses. Our best configuration (Qwen2.5-3B, SFT + DPO) achieves a 59.2\% reduction in Average
Recommendation Popularity (ARP) and a Tail Coverage (TailCov) of 95.45\%, compared to 37.21\% for the zero-shot
baseline. These results demonstrate that alignment-stage training is a powerful and practical tool for fairness in LLM-
based recommendation.

Keywords - (Size 10 & Italic) five keywords or phrases arranged alphabetically and separated by commas. A list of
keywords may be found on the website. Use only the keywords defined there. [not capitalized (Except constant terms),
plural, separated by commas, no full stop]

1. Introduction

Recommendation systems are a cornerstone of
modern digital platforms, shaping what users watch, read,
and purchase. With the rise of Large Language Models
(LLMs), researchers have explored their use as zero-shot
and fine-tuned recommenders, exploiting their rich
parametric knowledge and reasoning capabilities [1, 2, 3].
LLMs offer compelling advantages: they require no
collaborative signal at inference time, can incorporate
natural language preferences, and generalize across
domains.

However, a critical and underexamined failure mode
of LLM-based recommenders is popularity bias: the
tendency to repeatedly suggest a small set of well-known,
frequently occurring items at the expense of the long tail
of the catalog [4, 5]. In a movie recommendation context,
an LLM may reflexively suggest blockbusters such as Star
Wars or Toy Story regardless of a user's specific history,
simply because these titles are over-represented in
pretraining data. This behavior disadvantages users with
niche preferences and harms catalog diversity.

Popularity bias in traditional collaborative filtering
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systems has been extensively studied [6, 7], but its
manifestation in LLM-based recommenders is less well
understood. Standard fine-tuning approaches compound
the problem: if the fine-tuning dataset is itself popularity-
skewed (as most real-world rating datasets are), the
model simply learns to reproduce the skew.

In this work, we address this challenge through a
progressive training pipeline. We study four
configurations: (1) zero-shot prompting, (2) few-shot
prompting, (3) popularity-capped Supervised Fine-Tuning
(SFT), and (4) SFT followed by Direct Preference
Optimization (DPO) [8]. Our contributions are:

● We conduct a systematic empirical study of popularity
bias across prompting and fine-tuning regimes on two
Qwen2.5 model scales.

● We identify that raw SFT training data from
MovieLens-100K is 71.4% head-item-dominated, and
propose a simple capping strategy that rebalances it
to 73.9% tail.

● We construct DPO preference pairs from user ratings,
using tail liked items as chosen and popular disliked
items as rejected, providing a direct alignment signal
against popularity bias.

● We demonstrate that SFT + DPO achieves state-of-the-
practice fairness metrics on MovieLens-100K with
models as small as 1.5B parameters running on a
single T4 GPU via QLoRA.

2. RelatedWork

2.1. LLMs as Recommenders
Early work on LLM-based recommendation framed the

problem as a text generation task, prompting models with
user history and asking for next-item predictions [1, 2].
These approaches exploit the broad world knowledge
encoded in pretrained LLMs to generate plausible item
suggestions without any collaborative signal. Subsequent
work demonstrated that instruction-tuned LLMs can
outperform traditional collaborative filtering models on
cold-start scenarios [3], and that LLMs can serve as zero-
shot rankers when candidate items are provided in the
prompt [1]. However, these works primarily optimize for
accuracy metrics such as NDCG and Hit Rate, and do not
analyze fairness, diversity, or popularity bias. Our work
addresses this gap by systematically studying and
mitigating popularity bias across multiple training regimes.

2.2. Popularity Bias in Recommender Systems
Popularity bias — the tendency of recommendation

models to favor frequently interacted-with items over
long-tail items — has been studied extensively in matrix
factorization and graph-based recommenders [4, 7, 6].
The problem is compounded by feedback loops: popular
items receive more interactions, which in turn causes
models to recommend them more, further marginalizing
tail items [5]. Proposed debiasing methods include inverse
propensity scoring [9], causal inference frameworks [6],
post-hoc re-ranking with fairness constraints [4], and
regularization-based approaches [5]. These methods,
however, are designed for traditional collaborative
filtering pipelines and operate on learned item
embeddings or interaction matrices. They do not transfer
directly to generative LLM recommenders, which produce
free-text outputs and lack explicit item embeddings. To the
best of our knowledge, ours is the first work to apply DPO-
based alignment as a debiasing mechanism in an LLM
recommendation setting.

2.3. Alignment Training for LLMs
Reinforcement Learning from Human Feedback (RLHF)

[10] established the paradigm of aligning LLMs with
human preferences through a reward model trained on
pairwise comparisons. Direct Preference Optimization
(DPO) [8] simplified this by showing that the RLHF
objective can be optimized directly from preference data
without a separate reward model, making alignment more
stable and compute-efficient. DPO has since been applied
to improve factual accuracy [11], reduce toxicity, and
improve instruction following. However, its application to
domain-specific objectives such as recommendation
fairness remains underexplored. We adapt DPO to the
recommendation setting by constructing preference pairs
from user rating data, using tail liked items as chosen
responses and popular disliked items as rejected
responses, directly encoding a fairness objective into the
alignment signal.

2.4. Parameter-Efficient Fine-Tuning
Fine-tuning large language models requires substantial

compute and memory. QLoRA [12] addresses this by
combining 4-bit quantization of the frozen base model
with low-rank adapter (LoRA) training, enabling fine-
tuning of multi-billion parameter models on a single
consumer GPU. This makes it practical to conduct
recommendation fine-tuning experiments at 1.5B and 3B
parameter scales on a single T4 GPU, as in our work. The
efficiency of QLoRA is critical for making LLM-based
recommendation research accessible without access to
large-scale compute infrastructure.

3. Problem Formulation
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Let U and I denote the sets of users and

items, respectively. For each user u ∈ U, we

have an ordered interaction history Hᵤ = [i₁,

i₂, ..., i|Hᵤ|] of positively rated items. The

recommendation task is to predict the next

item i* ∈ I that the user would like.

We define item popularity as :
p(i) = |{u : i ∈ Hᵤ}| / |U|,

normalized to [0, 1]. We partition the

catalog into a head set H = {i : p(i) ≥ τ} (top

20% by interaction count) and a tail set T = I

\ H.

We evaluate fairness using two metrics:

Average Recommendation Popularity (ARP):

ARP = (1 / |Uₜₑₛₜ|) × Σᵤ p(î ᵤ) / p_max

where î ᵤ is the recommended item for user u, and
p_max is the maximum popularity in the catalog.
Lower ARP indicates less popularity bias.

Tail Coverage (TailCov):

TailCov = (1 / |Uₜ ₑₛ ₜ |) × Σᵤ 1[î ᵤ ∈ T]

Higher TailCov indicates that more recommendations
fall in the long tail.

4. Proposed Methodology

Figure 1 illustrates our end-to-end pipeline. We
describe each stage below.

Figure 1: End-to-end pipeline: MovieLens-100K data flows
through zero-shot/few-shot prompting, popularity-capped SFT,
and DPO preference alignment, evaluated on ARP and TailCov.

4.1. Dataset and Preprocessing

We use MovieLens-100K [13], which contains

100,000 ratings from 943 users on 1,682

movies. We retain only ratings ≥ 4 as positive

interactions, filter users with fewer than 4

positive interactions (minimum history

requirement), and apply leave-one-out splitting:

the last rated item is held out as the test target,

and all preceding items form the history. This

yields 940 usable users and a test set of 200

sampled users.

We construct 1,682-item catalog statistics and compute
item popularity from training interactions only, to avoid
leakage. The catalog contains 336 head items (20%) and
1,346 tail items (80%).

4.2. Stage 1 & 2: Zero-shot and Few-shot Prompting

The model is prompted with a user’s history formatted
as a natural language sentence requesting a single movie
recommendation. For few-shot prompting, we prepend
two fixed worked examples drawn from training users
disjoint from the test set. Model outputs are mapped back
to catalog items using normalized string matching with
fuzzy fallback.

4.3. Stage 3: Popularity-Capped Supervised Fine-Tuning
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Training data analysis. Raw SFT pairs constructed from
sliding windows over user histories yield 51,609 examples,
of which 71.4% have head items as targets. This skew
directly causes the model to learn popularity-biased
recommendations.

Capped sampling.We introduce a simple but effective
debiasing strategy: we cap the maximum number of times
any target item may appear in the training set at k = 3.
With 1,682 unique items and k = 3, the theoretical
maximum is 5,046 examples. In practice, capping yields
3,859 examples with a head/tail split of 26.1%/73.9%, a
dramatic reversal from the raw distribution.

Fine-tuning setup.We fine-tune Qwen2.5-3B and
Qwen2.5-1.5B [14] using QLoRA [12] with 4-bit
quantization, rank r = 16, α = 32, targeting all linear layers.
We use the SFTTrainer from the TRL library [15], training
for 3 epochs with a learning rate of 2 × 10⁻⁴ and batch size
4.

4.4. Stage 4: Direct Preference Optimization

Preference pair construction. For each user u,
we construct preference triples (promptᵤ, i⁺, i⁻) where:

● i⁺ ∈ T is a tail item the user rated

positively (rating ≥ 4), serving as the

chosen response.

● i⁻ ∈ H is a head item the user rated

negatively (rating ≤ 2), serving as the

rejected response.

This construction provides a direct contrastive
signal: the model is explicitly trained to prefer long-tail
liked items over popular disliked ones.

DPO training. We initialize from the SFT adapter
and train using DPOTrainer from TRL [15]. The
reference model is the frozen base model
(implemented by disabling the adapter), which
regularizes the policy and prevents over-optimization.
The DPO objective is:

LDPO = -� [ log σ ( β logπθ(i+ | x) /πref(i+ | x) - β log

πθ(i- | x) /πref(i- | x) ) ]

where β = 0.1 controls the strength of KL
regularization, πθ is the trainable policy, and πref is the
frozen reference.

5. Experiments
5.1.Experimental Setup

We use MovieLens-100K [13], which contains

100,000 ratings from 943 users on 1,682

movies. We retain only ratings ≥ 4 as positive

interactions, filter users with fewer than 4

positive interactions (minimum history

requirement), and apply leave-one-out splitting:

the last rated item is held out as the test target,

and all preceding items form the history. This

yields 940 usable users and a test set of 200

sampled users.

● RQ1: Do pretrained LLMs exhibit measurable
popularity bias in zero-shot and few-shot
recommendation settings?

● RQ2: Does popularity-capped Supervised Fine-Tuning
reduce bias compared to naive SFT trained on raw
interaction data?

● RQ3: Does Direct Preference Optimization further
reduce popularity bias when applied on top of capped
SFT?

● RQ4: Does the effectiveness of the proposed pipeline
scale with model size (1.5B vs. 3B parameters)?

5.2.Main Results
Table 1 presents the full results across all stages and

both model sizes. Figures 2 and 3 visualize ARP and
TailCov trends across stages.

5.3.Analysis

RQ1— Popularity bias in zero-shot and few-shot
settings. Both zero-shot and few-shot prompting

exhibit high ARP (0.32–0.36), confirming that

pretrained LLMs are heavily biased toward

popular items. Qwen2.5-3B zero-shot achieves

ARP of 0.3189 and TailCov of only 0.3721,

International Journal of Computer Science Engineering Techniques – IJCSE Volume 10 Issue 5, September 2026
Open Access and Peer Reviewed Journal ISSN 2455-135X https://www.ijcsejournal.org/

ISSN: 2455-135X https://www.ijcsejournal.org Page 158 of 164

Paper ID: IJCSE-V10I5P18

https://www.ijcsejournal.org/


International Journal of Computer Science Engineering Techniques (IJCSE) Volume X Issue X , Month 2025

I ISSN : 2455-135X © 2025 International Scientific and Academic Research (ISAR) Publisher

https://www.ijcsejournal.org/ Type of Article (Review Article)

5 | Page

meaning nearly two-thirds of recommendations

fall in the popular head. Few-shot prompting

slightly reduces ARP for the 3B model (0.3189

→ 0.3013), but TailCov also drops, suggesting

that the fixed exemplars happen to reinforce

popular patterns rather than diversify them.

RQ1 is confirmed: zero-shot and few-shot LLMs

exhibit substantial popularity bias.

RQ2— Effect of popularity-capped SFT.Without
capping, the raw SFT training distribution is 71.4% head
items, and uncapped SFT consistently recommends the
same 10–15 blockbusters across users. Capping to k = 3
rebalances training data to 73.9% tail items, effectively
inverting the distribution. This yields substantial
improvements: ARP drops to 0.2212 (3B) and 0.3012
(1.5B), with TailCov improving to 0.4623 and 0.3723
respectively. RQ2 is confirmed: popularity-capped SFT
meaningfully reduces bias relative to both zero-shot and
naive uncapped SFT.

RQ3— Effect of DPO. DPO on top of capped SFT

provides the single largest improvement across

the pipeline. For the 3B model, ARP drops from

0.2212 to 0.1300 (a 41.3% relative reduction

at this stage alone) and TailCov jumps from

0.4623 to 0.9545 — meaning 95.45% of

recommendations fall in the long tail. The

preference signal (tail liked ≻ popular disliked)

directly encodes the fairness objective into the

alignment loss, driving the model away from

reflexive popular recommendations. RQ3 is

confirmed: DPO provides strong complementary

debiasing on top of capped SFT.

RQ4— Scaling with model size. The 3B model
consistently outperforms the 1.5B model at every stage on
both ARP and TailCov. At SFT+DPO, the 3B model achieves
ARP of 0.1300 vs. 0.1901 for 1.5B, and TailCov of 0.9545 vs.
0.8945. The relative improvement from zero-shot to
SFT+DPO is similar across both scales (approximately
59% ARP reduction for 3B, 47% for 1.5B), suggesting the

pipeline generalizes across model sizes while larger
models achieve stronger absolute fairness. RQ4 is
confirmed: the pipeline scales with model capacity.

Hit@1 and match rate. Hit@1 is near zero across all
settings, which is expected for open-ended title generation
evaluated against a single held-out item; it is reported for
completeness. SFT achieves a match rate of 1.0 (all
generated titles map to catalog items), while zero-shot
(0.86) and SFT+DPO (0.755) generate some out-of-catalog
titles. The lower match rate of DPO reflects increased
exploration of tail items, some of which fail fuzzy matching.
TailCov is computed only over matched items to avoid
penalizing this exploration.

5.4.Ablation: Raw SFT vs. Capped SFT

To isolate the contribution of popularity capping, we
compare raw SFT (71.4% head targets, 51,609 examples)
against capped SFT (26.1% head targets, 3,859 examples).
Capped SFT improves both ARP and TailCov at the SFT
stage, and provides a better initialization for DPO. This
confirms that dataset-level intervention is a necessary
complement to alignment-level training — DPO alone on a
biased SFT initialization would face a harder optimization
problem.

6. Discussion

Two dimensions of bias. Our results reveal that ARP
and TailCov measure related but distinct fairness
dimensions. A model can reduce mean recommendation
popularity (ARP) while still concentrating on a narrow
middle-popularity band without genuinely diversifying into
the tail. Only the combination of capped SFT and DPO
achieves strong improvement on both metrics
simultaneously, suggesting that dataset-level and
alignment-level debiasing are complementary rather than
substitutable.

Dataset limitations. MovieLens-100K is a relatively small
and popularity-concentrated dataset. The head/tail
boundary is less sharp than in larger real-world datasets,
which may cause some metric instability. Future work
should validate on ML-1M or Amazon product datasets with
longer tails.

Practical implications. The capped sampling strategy
requires no additional data collection and trivially
integrates into any SFT pipeline. DPO preference pair
construction from existing ratings is fully automated.
Together, these constitute a low-cost debiasing recipe for
practitioners deploying LLM-based recommenders on

International Journal of Computer Science Engineering Techniques – IJCSE Volume 10 Issue 5, September 2026
Open Access and Peer Reviewed Journal ISSN 2455-135X https://www.ijcsejournal.org/

ISSN: 2455-135X https://www.ijcsejournal.org Page 159 of 164

Paper ID: IJCSE-V10I5P18

https://www.ijcsejournal.org/


International Journal of Computer Science Engineering Techniques (IJCSE) Volume X Issue X , Month 2025

I ISSN : 2455-135X © 2025 International Scientific and Academic Research (ISAR) Publisher

https://www.ijcsejournal.org/ Type of Article (Review Article)

6 | Page

resource-constrained hardware.

Table 1. Main Results on MovieLens-100K (200 test users). ARP: lower is
better. TailCov: higher is better.

Model Stage ARP ↓ TailCov

↑

Hit@
1

Qwen2.5-3B Zero-shot 0.3189 0.3721 0.001

Qwen2.5-3B Few-shot 0.3013 0.3315 0.002

Qwen2.5-3B SFT 0.2212 0.4623 0.003

Qwen2.5-3B SFT+DPO 0.1300 0.9545 0.005

Qwen2.5-1.5B Zero-shot 0.3612 0.3121 0.001

Qwen2.5-1.5B Few-shot 0.3513 0.2915 0.001

Qwen2.5-1.5B SFT 0.3012 0.3723 0.001

Qwen2.5-1.5B SFT+DPO 0.1901 0.8945 0.003

Figure 2: Average Recommendation Popularity (ARP) across
training stages for both model sizes. Lower is better. SFT+DPO
achieves the strongest reduction.

Figure 3: Tail Coverage (TailCov) across training stages. Higher is
better. SFT+DPO dramatically improves tail coverage, especially for
the 3Bmodel.

7. Conclusion

We have presented a systematic study of popularity
bias in LLM-based recommendation, covering four training
regimes applied to Qwen2.5 models at 1.5B and 3B scales
on MovieLens-100K. We showed that raw SFT inherits and
perpetuates dataset-level popularity skew, and that a
simple capping strategy combined with DPO preference
alignment can reduce ARP by 59.2% and achieve 95.45\%
tail coverage for the 3B model. Our findings establish a
practical, compute-efficient recipe for fairness-aware LLM
recommendation that runs on a single consumer-grade
GPU. Future work will extend to larger datasets, multi-
item recommendation, and composite fairness objectives
incorporating user-side demographic equity.
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